Despite of its many shortcomings, Pearson's rho is often used as an association measure for stock returns. A conditional version of Spearman's rho is suggested as an alternative measure of association. This approach is purely nonparametric and avoids any kind of model misspecification. We derive hypothesis tests for the conditional rank-correlation coefficients particularly arising in bull and bear markets and study their finite-sample performance by Monte Carlo simulation. Further, the daily returns on stocks contained in the German stock index DAX 30 are analyzed. The empirical study reveals significant differences in the dependence of stock returns in bull and bear markets.
Introduction
Karl Pearson's linear correlation coefficient still seems to be the most commonly used association measure for two random variables X and Y , though its many shortcomings have been often documented [see, e.g., 5]. It is well-known that Pearson's rho is strongly affected by the marginal distributions of X and Y . Further, it only quantifies the linear dependence of X and Y , but monotone dependence often seems to be much more relevant. Due to these reasons its moment estimate is highly sensitive to outliers. The random variables X and Y are said to possess a strong monotone dependence if there exist two real-valued and strictly increasing functions and such that Corr (X ) (Y ) is close to 1. It is easy to construct situations where the linear correlation coefficient of X and Y is close to 0 but even so there exist two strictly increasing transformations and such that |Corr (X ) (Y ) | = 1. For instance, consider the random variables X = e Z and Y = e σ Z with σ > 0 and Z ∼ (0 1) [17, p. 205] . Since Corr log X log Y = 1, X and Y even possess a perfect monotone dependence, i.e., X and Y are comonotonic [18, p. 32] . Nevertheless, Corr X Y is a function of σ which can take every value between 0 (as σ → ∞) and 1 (σ = 1). Copula theory and the concordance measures derived thereof are a convincing alternative to the linear correlation coefficient. Due to Sklar's theorem [24] it is known that a joint cumulative distribution function (c.d.f.) can be decomposed into a copula and the marginal cumulative distribution functions. If the latter functions are continuous, the copula is unique and represents the dependence structure of the given random variables. In the following we assume that the random variables have a continuous c.d.f. and thus a meaningful concordance measure should be a function of the copula. At least it should be invariant under monotone transformations of the corresponding random variables. Examples of such measures are Spearman's rho, Kendall's tau, Gini's gamma, and Blomquist's beta. In this paper we confine ourselves to the rank-correlation coefficient or its corresponding moment estimator, i.e., Spearman's rho. For surveys on copulas and concordance measures see, e.g., Cherubini et al. [2] , Joe [13] , and Nelsen [18] . We investigate the contemporaneous dependence of two stock returns X and Y . More precisely, we concentrate on the question whether the dependence structure is significantly different in case of a joint upswing or downswing in the market. This question has been already investigated [see, e.g., 1, 6, 7, 10, 14, 19, 23, 26 ], but we think that the statistical methods, in particular the use of Pearson's rho, is unsatisfactory. Hence, there is space for further contributions. A bear market is present if a large number of stocks drop down. The exact meaning of a "large number" must be specified in each individual case but, nonetheless, it is clear that in a bear market many or even most pairs of stocks are affected simultaneously. More precisely, we are interested in a situation where two stock returns X and Y fall short of the 100 % quantiles of their corresponding cumulative distribution functions. Analogously, in a bull market it usually happens that −X and −Y fall short of the corresponding 100 % quantiles. Here and have to be pre-determined. The lower -quantile of the c.d.f. (or its absolute value) of a stock return is commonly known as the value-at-risk, where is the so-called shortfall probability. The value-at-risk is frequently used in the area of risk management and so it seems to be a natural choice in our setting. Our approach is purely nonparametric. Contrary to Patton [19] and Vaz de Melo Mendes [26] we do not fit specific copulas to the data. Specifying the copula by some parametric model can lead to erroneous conclusions if the chosen model is wrong. From our point of view it is not necessary to rely on the parametric approach if the sample size is large enough. We are interested in financial data analysis and in that context it is easy to access many thousands of daily observations. By following the nonparametric approach we avoid any kind of model misspecification. Some authors analyze the dependence structure of outliers in financial data by using the so-called tail-dependence coefficient [see, e.g., 7, 14] . They come to the conclusion that stock (index) returns exhibit high tail-dependence in the lower tail and low tail-dependence in the upper tail [7] . Unfortunately, tail-dependence estimation suffers from a serious bias-variance trade-off. Dobrić and Schmid [3] as well as Frahm et al. [8] found that estimating the tail-dependence coefficient by nonparametric methods can lead to huge estimation errors even if the number of observations is large. Hence, we think that the tail-dependence coefficient is not an appropriate alternative. By contrast, we develop conditional versions of Spearman's rho to assess the dependence structure of stock returns that can be observed particularly in bull and bear markets. To the best of our knowledge, the statistical literature provides only one contribution that goes in the same direction [12] , but unlike us the latter authors focus on parametric methods. Though we focus on computational statistics and the empirical analysis of stock returns, we have to introduce some statistical theory in order to have a formal basis for our testing procedure. This is done in Section 2, where some copula theory is presented. It allows a precise formulation of the null hypotheses to be tested. The testing procedure is described in Section 3. Further, a Monte Carlo (MC) simulation is presented in Section 4, which shows that the procedure works well for sample sizes typically available in practice. In particular, it is demonstrated that the hypothesis tests keep the prescribed error probabilities of the first kind and have sufficient power to detect violations of the null hypotheses. In Section 5 we investigate the daily returns on stocks from the German stock index DAX 30 between 1973-01-02 and 2008-11-14 and Section 6 concludes.
Some Copula Theory
In this section we introduce some notions from copula theory [13, 18] which are required for understanding the testing procedure to be described below. Let X and Y be two random variables with joint c.d.f. F ( ) = P(X ≤ Y ≤ ) and marginal cumulative distribution functions G( ) = P(X ≤ ) and H( ) = P(Y ≤ ) for all ∈ R . The quantile functions with respect to G and H are given by G −1 ( ) = inf{ : G( ) ≥ } and H −1 ( ) = inf{ : H( ) ≥ } for 0 < < 1. Throughout this paper we assume that G and H are continuous. Therefore, according to Sklar's theorem [24] , there exists a unique copula C :
The function C is the joint c.d.f. of U = G(X ) and V = H(Y ). The rank-correlation coefficient of X and Y is given by
See Nelsen [18, p. 167] for the latter representation of ρ . For every fixed with 0 < < 1 we define
The corresponding conditional marginal distribution functions are given by
and H L ( ) respectively. Since G L and H L are continuous, according to Sklar's theorem there also exists a unique copula
Indeed, Jaworski and Pitera [12] call
a tail conditional copula. Similarly, in Juri and Wüthrich [15] C L is referred to as the extreme tail dependence copula relative to C at the level . We will simply call it the lower tail-copula and the phrase "relative to C at the level " will be usually dropped for convenience. Now, we can define the lower conditional rank-correlation coefficient by using the lower tail-copula, i.e.,
An analogue definition can be found for the upper tail-copula C U . This is the lower tail-copula relative to the survival copula according to C [18, Section 2.6], i.e.,
at the level (0 < < 1). The survival copula simply corresponds to the copula of (−X −Y ) and thus C U is the copula of (−X −Y ) under the condition that (−X −Y ) ∈ A U . Here the area A U is calculated similarly to A L just by using the quantile functions of −X and −Y at rather than the quantile functions of X and Y at . Hence, the upper conditional rank-correlation coefficient ρ U measures the monotone dependence of two stock returns conditional on A U . This is a situation typically arising in a bull market. In the following we will have to guarantee that A L ∩ A U = ∅ which is equivalent to + ≤ 1. In most cases it is not possible to derive the conditional copulas C L or C U in closed form. Therefore ρ L and ρ U cannot be calculated explicitly, but MC simulation is a convenient tool for obtaining numerical approximations of ρ L and ρ U with sufficient precision. We apply this method to calculate the conditional rank-correlation coefficients for the Gauss-, 3 -, Clayton-, and Gumbel-copula (see Table 1 and Table 2 ). The Gauss-and 3 -copula are given by
as well as
Here 3 denotes Student's univariate -distribution with 3 degrees of freedom and −1 < θ < 1. Note that the linear correlation coefficient is symbolized by the parameter θ rather than ρ . This is because to avoid any possibility of confusion with the (unconditional) rank-correlation coefficient of C Gauss or C 3 . The unconditional rank-correlation coefficient of the Gauss-copula corresponds to ρ = 6/π · arcsin(θ/2) [11] . To the best of our knowledge there exists no such closed-form expression for the 3 -copula. The Clayton-copula is given by
with θ ≥ 0 . In the limiting case θ = 0 , the Clayton-copula corresponds to the independence or product copula Π( ) := [18, p. 11]. The Gumbel-copula can be written as
with θ ≥ 1. Note that for θ = 1 once again the independence copula evolves. The values of θ in Table 2 are chosen such that the unconditional rank-correlation coefficient corresponds to ρ = 0 3 0 5 0 7. The relationship between θ and ρ can be obtained by numerical integration or MC simulation [see 13, p. 147]. For our approximations of the conditional rank-correlation coefficients given in Table 1 and Table 2 we use N MC = 1000 MC replications. Each replication consists of a sample from C with sample size = 10 6 . Both for the simulation study and the empirical study, which follow later on, we set = . Only the Clayton-copula allows for a closed-form representation of C L : If C is a Clayton-copula, the lower tail-copula C L is equal to C for any 0 < < 1 [15] . This means ρ L corresponds to the unconditional rank-correlation coefficient ρ . The null hypothesis we are going to test can be formalized as
where some and with + ≤ 1 are fixed. In the present framework H 1 implies that the monotone dependence of stock returns in bear markets is not the same as in bull markets. Instead of a two-sided hypothesis test, a one-sided test like
is of general interest, since H 1 implies that the monotone dependence is higher in bear markets than in bull markets. The null hypothesis H 0 : ρ L = ρ U stated above might be also of interest in another context. Both in theory and application of copulas it is sometimes questionable whether the random vector (X Y ) is radially symmetric or not [18, Section 2.7] . Radial symmetry is a useful property which implies that ρ L = ρ U since, in case (X Y ) is radially symmetric, C and the corresponding survival copula C coincide. Hence, in order to test the null hypothesis H 0 : "The random vector (X Y ) is radially symmetric," one can apply the two-sided test mentioned above and reject H 0 if H 0 is rejected.
The Testing Procedure
In this section we describe the testing procedure. The first part requires independent and identically distributed (i.i.d.) data. It is well-known that short-term stock returns typically exhibit strong patterns of serial dependence. However, the i.i.d. assumption may serve as an appropriate starting point and there might exist several applications beyond financial data analysis where this assumption is adequate. Afterwards we will drop the i.i.d. assumption and explain how the test can be modified to account for the purpose of time series analysis.
Independent and Identically Distributed Data
Let {(X 1 Y 1 ) (X Y )} be a sample from an i.i.d. sequence {(X Y )} ∈Z of pairs of stock returns. We estimate the marginal cumulative distribution functions G and H by
The corresponding estimate of the quantile function G −1 is given by 
Further, let r L (X ) and r L (Y ) be the rank numbers of X and Y with respect to all (X Y ) ∈ A L . Now, according to the left-hand side of Eq. 2, we can estimate ρ L bŷ
The definition of the estimatorρ U follows correspondingly, just by using the observations in the upper right area A U of the empirical distribution of X and Y . Note that the number of data points that fall into A L , i.e., L , is a random variable. To clarify this point, suppose for the sake of simplicity that A L = A L . Every draw from the entire distribution is i.i.d. and so the number of draws falling into A L is Bernoulli distributed with parameter π = C ( ) > 0 . Hence, it is clear that
Moreover, since + ≤ 1, A L and A U do not overlap and so, conditional on any realized pair tuple ( L U ) of numbers of draws falling into A L and A U , the data in the lower left and upper right area of F are independent of each other. More precisely, given some fixed numbers L and U , every statistic based on the data in A L is independent of any (other) statistic based on the data in A U . It is worth emphasizing that this kind of conditional independence is implicitly assumed in almost every application of statistical theory, since in most practical situations the number of observations is stochastic but, nevertheless, it is treated like a real number. In the same way we will treat L and U as real numbers in the subsequent analysis. Schmid and Schmidt [22] have already shown that Spearman's rho is consistent and asymptotically normally distributed. Hence, the conditional versions of Spearman's rho share the same property, i.e.,
as L U → ∞ , provided the lower left and upper right tail-copulas exist.
Theorem 1.
Let 
which is given in the theorem.
In practical applications and have to be sufficiently large such that L and U do not become too small. A typical rule of thumb might be given by L U ≥ 40 . Suppose for the moment that C corresponds to the product copula. In this case it is expected to meet 2 observations in the lower left part and 2 in the upper right part of the empirical copula. This means the shortfall probabilities should be such that ≥ √ 40/ . For a sample size of = 1000, i.e., an observation period of approximately 4 years, and should not be smaller than 0 2 . In general the product copula is not appropriate to describe financial data, since in most cases there is some sort of positive dependence between stock returns. Hence, we can expect to have even more observations in the corresponding corners of the empirical copula. Thus our rule of thumb guarantees that there are always enough data to make the asymptotic results applicable. The asymptotic variances σ 2 L and σ 2 U depend on the tail-copulas C L and C U . In general they cannot be calculated explicitly [22] . The same holds for the asymptotic variance of √ ∆ρ − ∆ρ , i.e., τ 2 . However, the latter can be approximated by a simple bootstrap. For conducting the hypothesis tests one has to choose an appropriate significance level α > 0 as well as the shortfall probabilities > 0 and > 0 such that + ≤ 1. Now the test procedure reads as follows:
1. Computeρ L andρ U from the observations in A L and A U .
2. Compute N B bootstrap replications from the entire sample. For each replication calculateρ L andρ U as well as the corresponding difference ∆ρ .
3. Estimate the asymptotic variance τ 2 of ∆ρ from the bootstrap and calculate the test statistic T = √ ∆ρ /τ , whereτ 2 is the bootstrap estimate of τ 2 .
where Φ denotes the standard normal c.d.f.
The one-sided hypothesis tests differ from the two-sided test only in the fourth step:
Serially Dependent Data
Now, let {(X 1 Y 1 ) (X Y )} be a sample from a strictly stationary process {(X Y )} ∈Z . It is assumed that this process has a weak serial dependence structure. This means the one-sided processes {(X Y )} ≤ 0 and {(X Y )} ≥ become "sufficiently fast" independent as → ∞ , i.e., as the number of lags between the two processes grows to infinity [20] . To put it another way, {(X Y )} ∈Z satisfies a strong mixing condition and it can be shown that many time series models frequently used in the literature are strong mixing [4] . It is important to account for serial dependence when analyzing financial data. Especially, in periods of great turbulence the lower and upper conditional Spearman's rho might be strongly correlated and in that case the asymptotic result given in the last section is void. However, it can be assumed that ∆ρ remains asymptotically normally distributed under a weak serial dependence structure of stock returns. This means
where τ 2 LR represents a long-run variance and in general we have that τ 2 LR > τ 2 . This assumption seems natural, since the weak convergence property of √ ∆ρ − ∆ρ is based on the weak convergence of an empirical copula process [22] . By using a functional central limit theorem for stochastic processes and applying the functional delta method one can justify the weak convergence property under an appropriate strong mixing condition. 
Theorem 2 (Doukhan et al. [4]).

Suppose that the first partial derivatives of the copula C of X and Y exist and are continuous. If the aforementioned strong mixing condition is satisfied, we have that
where C is the Hadamard derivative of at C . Since C is a continuous linear map and G is a tight centered Gaussian process, it follows that C (G) and we obtain
Now, the continuous mapping theorem immediately leads to the desired weak convergence property of the statistic √ ∆ρ − ∆ρ expressed by (3). There exist many possible techniques for estimating the long-run variance τ 2 LR . Due to the vast computational power which is available these days, we focus on sub-sampling and block-bootstrapping [20] . The η -mixing condition is somewhat stronger than the strong mixing condition which can be typically found in the literature related to sub-sampling and bootstrapping. More precisely, η-mixing implies α-mixing with mixing rate α = ( −1 ). Hence, sub-sampling and block-bootstrapping can be used in our context to estimate τ 2 LR . However, sub-sampling is probably not the best choice in our setting. The reason is that for getting an unbiased estimate of τ 2 LR , the number of observations within each sub-sample must be considerably small relative to the overall sample size. In our context, only a small part of each sub-sample can be used for calculatingρ L andρ U , but for a proper approximation of the long-run variance it has also to be guaranteed that each sub-sample contains a sufficiently large number of usable observations. For this reason, we concentrate on a block-bootstrap procedure suggested by Künsch [16] . Consider a block size with 0 < < and the corresponding − + 1 blocks, i.e.,
Every bootstrap replication is given by drawing = / blocks with replacement from the entire sample and concatenating these blocks to form a new pseudo-series of stock returns. The latter consists of ≈ pseudo-observations and every bootstrap replication leads to a pseudo-realization of ∆ρ . This means we obtain N B pseudo-realizations of ∆ρ which can be used to approximate τ 
Finite-Sample Properties
In this section we investigate the finite-sample properties of the testing procedure described in Section 3.1. The results are obtained by MC simulations for various special cases which are essentially defined by the copula under study. The testing procedure developed in Section 3.2 could have been also investigated in the same manner, but we think that this would go beyond the scope of this paper. First we are interested in the rejection probability of the procedure if H 0 : ρ L = ρ U is true and α is the prescribed error probability of the first kind. We consider the Gauss-and 3 -copula which belong to the class of elliptical copulas. Elliptical copulas are radially symmetric which means that the aforementioned null hypothesis is true. Table 3 . We can see that the approximated rejection probabilities satisfactorily agree with the prescribed error probabilities. We are also interested in the power of the testing procedure, i.e., the probability of rejection if H 0 is wrong. For that purpose we consider the Clayton-and the Gumbel-copula. It is well-known that these copulas are not radially symmetric and thus in general ρ L = ρ U . Remember that the parameter θ of both copula families (see p. 97) has been selected in such a way that the unconditional rank-correlation coefficients are equal to ρ = 0 3 0 5 0 7 . The results of the MC simulations are given in Panel 2 of Table 3 . It can be seen that for every fixed and α the power is an increasing function of θ. This is because the asymmetry of the Archimedean copulas C Clayton and C Gumbel increases with θ [see 18, Ch. 4]. Similar results are obtained for the two one-sided tests which can be taken from Table 4 and Table 5 . The rejection probabilities become very large whenever H 1 is true. By contrast, if H 0 is true, our simulations produce no false rejection. For instance, consider the right-sided test
In that case the null hypothesis is fulfilled for the Gumbel-copula. Panel 2 of Table 4 shows that there is no rejection for any given unconditional rank-correlation coefficient ρ , shortfall probability , and error probability α . Given the Clayton-copula, the alternative hypothesis is true and, consequently, the rejection probabilities are very high (for example, roughly 90% for ρ = 0 3, = 0 2, and α = 0 1). Moreover, for ρ = 0 5 and ρ = 0 7, H 0 is rejected for the Clayton-copula in almost every simulated case. Now we want to investigate the relationship between asymmetry and power. For that purpose we consider the mixed copula
where 0 ≤ λ ≤ 1. Further, the copula parameters θ 0 θ 1 are such that the unconditional rank-correlation coefficients of C Clayton ( ; θ 1 ) and C Gauss ( ; θ 0 ) correspond to ρ = 0 5. Hence, the mixed copula possesses the same unconditional rank-correlation coefficient for every λ (see the formula for ρ on p. 96). Note that ρ L = ρ U is true for the Gauss-copula but for the Clayton-copula it holds that ρ L > ρ U and so the mixing parameter λ determines the degree of asymmetry given by C Mix1 (
; λ θ 0 θ 1 ). If one considers the two-sided hypothesis test with H 0 : ρ L ≤ ρ U , λ = 0 means that the null hypothesis is true whereas the alternative hypothesis holds for every λ > 0 . The larger λ the more often H 0 should be rejected. A similar result is obtained for the mixed copula
where θ 2 is such that the rank-correlation coefficient associated with C Gumbel ( ; θ 2 ) once again amounts to ρ = 0 5 . The corresponding power functions are depicted in Figure 1 . Both graphs demonstrate that the hypothesis test always keeps the prescribed error probability of the first kind and the rejection probability indeed is an increasing function of the mixing parameter λ. Similar results can be obtained for other constellations of ρ and .
Empirical Results for German Stock Returns
Now we consider daily returns from 1973-01-01 to 2008-11-14 of the 30 stocks of the German stock index DAX 30. The stock prices have been adjusted for dividends, splits, etc., and our analysis is based on the daily log-returns on the assets. The maximum number of observations is = 9359 (trading days). Table 6 contains the sample means of the upper and lower conditional Spearman's rhos for all 30 2 = 435 asset combinations. Hereρ L denotes the mean lower andρ U the mean upper conditional Spearman's rho, whereasρ L −ρ U is the mean difference and |ρ L −ρ U | the mean absolute difference betweenρ L andρ U . The level of the shortfall probability essentially depends on the individual needs of the investor, agent or institution. For example, a trader might be interested in the dependence structure of normal profits and losses. In that case he could Table 4 . MC approximations of the rejection probabilities for the Gauss-and 3 -copula (Panel 1) and for the Clayton-and Gumbel-copula (Panel 2) given H 0 : ρ L ≤ ρ U . The simulated sample size is = 2500, the number of bootstrap replications corresponds to N B = 1000, and the number of MC replications is N MC = 1000. The standard errors for the approximated rejection probabilities are given in parentheses.
000
( 0000) choose = 0 5. By contrast, a regulatory body usually focuses on extreme values and should choose a lower shortfall probability like, e.g., = 0 1. For this reason we take a broad spectrum of shortfall probabilities into consideration, i.e., = 0 1 0 2 0 5. It can be seen that in average the lower conditional Spearman's rhos are up to 10 points larger than the upper conditional Spearman's rhos. However, without a meaningful economic argument it is not possible to judge whether this gap is "large" or "small" and we would like to avoid such kind of statements. Instead we will discuss how much of the empirical evidence at least leads to statistically significant results in our hypothesis tests. It is worth pointing out that the outcomes of the test can depend substantially on the shortfall probability . The upper part of Figure 2 shows the lower and upper conditional Spearman's rho as a function of for BASF vs. Henkel. The differences between the rhos (see the lower part of Figure 2 ) appear to be negligible if ≤ 0 2 but it can be very large for > 0 2 . The lower right part of Figure 2 indicates that it is easy to find a suitable such that H 0 : ρ L ≤ ρ U is spuriously rejected on a significance level of α = 0 05 . Therefore, to avoid a selection bias, must be chosen before examining different estimates of ρ L and ρ U . It is clear that the estimatesρ L andρ U are different from each other for every combination of assets and we want to see whether the differences are significant in the German stock market. For this reason we apply a block-bootstrap Table 6 . Average conditional Spearman's rhos, differences, and absolute differences of all 435 asset combinations for different shortfall probabilities We have shown that the hypothesis tests keep the prescribed error probabilities of the first kind and are asymptotically unbiased (see Figure 1 as well as Table 4 and Table 5 ). This means the chosen alternative hypothesis is true for most of the 435 asset combinations ifπ α and in that case we say that H 1 is "true in general." Hence, the rejection rate serves as a simple indicator for our general impression that the bivariate dependence structures of stock returns differ in bull and bear markets. Of course, a more detailed statistical analysis would require a multiple test, e.g., a Holm-Bonferroni test or another stepwise procedure [21] , but this is beyond our purposes. 
Two-Sided Hypothesis Test
The first panel of Table 7 contains the rejection rates over all 435 asset combinations. For the shortfall probability = = 0 1 only 12% of the asset combinations exhibit significantly different Spearman's rhos on a significance level of α = 0 1. However, it can be seen that for all that have been taken into consideration, the rejection rates exceed the corresponding significance levels. Especially, if increases the rejection rates become very large and so we conclude that the lower and upper conditional rank-correlation coefficients are different from each other in general, i.e., for most asset combinations taken into consideration.
One-Sided Hypothesis Tests
The last rows of Panel 2 and 3 of Table 7 contain the relative numbers of asset combinations where the lower conditional Spearman's rho exceeds the upper conditional Spearman's rho and vice versa. For example, 66% of the asset combinations are such thatρ L >ρ U under the shortfall probability = = 0 1 but only 22% of all combinations (this means 1 3 of the combinations whereρ L exceedsρ U ) are significant on the significance level α = 0 1. It is clear that not every combination withρ L >ρ U orρ L <ρ U can be significant. This holds in particular if the number of observations in the lower left and upper right area of the empirical copula is small. Hence, though the number of significant asset combinations might appear to be somewhat small, this neither implies that most of the null hypotheses are true nor that the differences of the lower and upper conditional rank-correlation coefficients are "small" (see the last row of Table 6 ). The second panel of Table 7 reveals that the rejection rates of the hypothesis tests for various levels of and α considerably exceed the corresponding significance levels. This effect becomes more obvious the more increases. Hence, we can see that the hypothesis H 1 : ρ L > ρ U is true in general. By contrast, the rejection rates for the opposite tests given in Panel 3 of Table 7 are substantially smaller than the significance levels. This means there is no empirical evidence for the contrary hypothesis H 1 : ρ L < ρ U .
Conclusion
Several authors have investigated the dependencies of stock returns in bull and bear markets. Pearson's rho has been typically used as an association measure for stock returns although it depends essentially on the marginal distributions of the random variables that are taken into consideration and quantifies only the degree of linear dependence. However, one is often interested in the degree of monotone rather than linear dependence. This holds in particular if the joint distribution is highly non-linear, which is definitely the case when concentrating on the tails of stock-return distributions. So it is crucial to find a reasonable measure for the degree of monotone dependence under the condition that stock returns contemporaneously go up or down. We believe that copula theory can serve as an appropriate toolbox and suggest Spearman's rho as a concordance measure. This is in contrast to the given literature, since most authors use conditional versions of Pearson's rho for the same purpose. Moreover, our approach is purely nonparametric. Since we do not fit specific copulas to the data or suggest specific time series models, we are able to avoid any kind of model misspecification. The finite-sample performance of the proposed hypothesis tests have been demonstrated by Monte Carlo simulation. Further, an empirical study using daily returns on stocks contained in the DAX 30 has been conducted. We think that there is sufficient evidence to support the hypothesis of different degrees of monotone dependence in bull and bear markets.
